Vegetation structure is a crucial component of habitat selection for many taxa, and airborne LiDAR (Light Detection and Ranging) technology is increasingly used to measure forest structure. Many studies have examined the relationship between LiDAR-derived structural characteristics and wildlife, but few have examined those characteristics in relation to small mammals, specifically, small mammal diversity. The aim of this study was to determine if LiDAR could predict small mammal diversity in a temperate-mixed forest community in Northern Wisconsin, USA, and which LiDAR-derived structural variables best predict small mammal diversity. We calculated grid metrics from LiDAR point cloud data for 17 plots in three differently managed sites and related the metrics to small mammal diversity calculated from five months of small mammal trapping data. We created linear models, then used model selection and multi-model inference as well as model fit metrics to determine if LiDAR-derived structural variables could predict small mammal diversity. We found that small mammal diversity could be predicted by LiDAR-derived variables including structural diversity, cover, and canopy complexity as well as site (as a proxy for management). Structural diversity and canopy complexity were positively related with small mammal diversity, while cover was negatively related to small mammal diversity. Although this study was conducted in a single habitat type during a single season, it demonstrates that LiDAR can be used to predict small mammal diversity in this location and possibly can be expanded to predict small mammal diversity across larger spatial scales.
Introduction
A fundamental part of habitat is three-dimensional (3D) heterogeneity, which has been established as a key determinant of animal diversity, especially in forests [1, 2] . This has been studied extensively using field-based survey methods to measure forest structure, in conjunction with wildlife surveys [1, 2] . However, using field-based methods to measure structural diversity in forests is difficult, expensive and time-intensive. Thus, using field-based methods to measure the relationship between structural habitat characteristics and animal diversity at larger spatial scales is not feasible. Remote sensing, specifically airborne LiDAR (Light Detection and Ranging) provides an alternative to ground based surveys and is a relatively inexpensive way to obtain detailed and spatially complete characterizations of horizontal and vertical vegetation structure across large areas [3] . LiDAR is increasingly used to study and predict habitat suitability for a variety of species across a range of taxa [4] .
Though multiple species-habitat relationships have been studied using LiDAR, the majority have examined the abundance and diversity of animals dependent on three-dimensional ecology, specifically avian species [4, 5] . A limited number of studies have been conducted on abundance of other 3D
Materials and Methods

Study Area
This study used data from three sites in the Great Lakes Region (Domain 5) from the Battelle Ecology Incorporated National Ecological Observatory Network (NEON): Chequamegon-Nicolet National Forest site (CNNF), Treehaven site (TREE), and University of Notre Dame Environmental Research Center site (UNDE) (Figure 1 ). These three study sites are in northern Wisconsin, have different management strategies, and are no farther than 100 km apart ( Figure 1 ). Site elevations range from 450 and 500 m above sea level. The climate in northern Wisconsin is classified as a warm summer continental climate with average summer high temperatures of 18 • C and average winter low temperatures of −14 • C. Average precipitation in northern Wisconsin is 850 mm evenly distributed throughout the year. All forests for these sites are primarily comprised of natural or replanted second-growth forests due to extensive logging in the late 1800s and early 1900s and subsequent use of the land for cattle grazing and farming [21] .
In this region, upland ecosystems include: northern mesic deciduous forests (National Land Cover Database (NLCD) classification deciduous forest) with dominant tree species consisting of maple (Acer rubrum and A. saccharum), aspen (Populus tremuloides and P. gradidentata), and paper birch (Betula papyifera) and mixed evergreen forests (NLCD classification mixed forest) with dominant species balsam fir (Abies balsamea), hemlock (Tsuga canadensis), pine (Pinus resinosa and P. strobus), and white spruce (Picea glauca). Lowland ecosystems (NLCD classification woody wetlands) include: open sedge and shrub wetlands; wet evergreen forests or sphagnum bogs consisting primarily of cedar (Thuja occidentalis), black spruce (Picea mariana), and tamarack (Larix larcina)); and deciduous forest wetlands with dominant species alder (Alnus incana) [22] .
The most common small mammals in the region include thirteen-lined ground squirrel (Ictidomys tridecemlineatus), eastern chipmunk (Tamias striatus), voles (Microtus pennsylvanicus and Myotes gapperi), stoat (Mustela ermine), shrews (Sorex articus, S. cinereus, S. hoyi, and Blarina bevicauda), Kansas bog lemming (Synaptomys cooperi), and mice (Zapus hudsonius and Peromyscus maniculatus gracilis) [10] .
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Data Source and Collection
Discrete return airborne LiDAR flown by NEON in 2016 was used to calculate measures of structural complexity for each small mammal plot [25] . LiDAR data was collected during peak phenology (9 September-15 September 2016) and flown on average 1000 m above ground level [26] . Data was collected from a fixed-wing aircraft with an Optech ALTM Gemini system with a pulse repetition frequency of 100 kHz, beam footprint of 0.8 m, scan swath overlap of approximately 50%, and scan angle of ±18 • [26] [27] [28] . There was a maximum of 4 returns per pulse and all locations had greater than 2.5 returns per square meter with an average of 5.5 returns per square meter. We also used one meter resolution high-quality digital elevation models (DEMs) generated by NEON from LiDAR data using a triangular irregular network algorithm [26, 29] .
Small mammal trapping was conducted by NEON in accordance with the NEON TOS Small Mammal Trapping Protocol [7] . NEON small mammal plots were generated and delineated through spatially balanced random selection [30] . NEON did not collect structural habitat information within small mammal plots to avoid disturbance of plots that may have interfered with small mammal capture [7] . Each small mammal plot was a ten column by ten row trap grid with an inter-trap distance of 10 m, for a total of 100 traps per plot ( Figure 2 ) [7] . The four corners of each grid and the center of each grid were established with high accuracy GPS (≤30 cm) [30] . To include adequate area surrounding each trap, for purposes of this analysis, each plot was buffered on all sides by 5 m, creating 10,000 m 2 plots ( Figure 2 ). Due to the variable sizes of small mammal home ranges and to better incorporate smaller-scale structural habitat features we decided to conduct an analysis on two scales: a plot-level analysis and a subplot level analysis [25, 31] . For the subplot level analysis, each plot was divided into 4 squares of 2500 m 2 with 25 traps in each ( Figure 2 ). We excluded smaller area analysis, such as trap-level analysis, due to low average trap success (mean number of captures per trap = 0.39, standard deviation = 0.63; 67% of traps had no captures over the time period sampled). 
Discrete return airborne LiDAR flown by NEON in 2016 was used to calculate measures of structural complexity for each small mammal plot [25] . LiDAR data was collected during peak phenology (9 September-15 September 2016) and flown on average 1000 m above ground level [26] . Data was collected from a fixed-wing aircraft with an Optech ALTM Gemini system with a pulse repetition frequency of 100 kHz, beam footprint of 0.8 m, scan swath overlap of approximately 50%, and scan angle of ±18° [26] [27] [28] . There was a maximum of 4 returns per pulse and all locations had greater than 2.5 returns per square meter with an average of 5.5 returns per square meter. We also used one meter resolution high-quality digital elevation models (DEMs) generated by NEON from LiDAR data using a triangular irregular network algorithm [26, 29] .
Small mammal trapping was conducted by NEON in accordance with the NEON TOS Small Mammal Trapping Protocol [7] . NEON small mammal plots were generated and delineated through spatially balanced random selection [30] . NEON did not collect structural habitat information within small mammal plots to avoid disturbance of plots that may have interfered with small mammal capture [7] . Each small mammal plot was a ten column by ten row trap grid with an inter-trap distance of 10 m, for a total of 100 traps per plot ( Figure 2 ) [7] . The four corners of each grid and the center of each grid were established with high accuracy GPS (≤30 cm) [30] . To include adequate area surrounding each trap, for purposes of this analysis, each plot was buffered on all sides by 5 m, creating 10000 m 2 plots ( Figure 2 ). Due to the variable sizes of small mammal home ranges and to better incorporate smaller-scale structural habitat features we decided to conduct an analysis on two scales: a plot-level analysis and a subplot level analysis [25, 31] . For the subplot level analysis, each plot was divided into 4 squares of 2500 m 2 with 25 traps in each ( Figure 2 ). We excluded smaller area analysis, such as trap-level analysis, due to low average trap success (mean number of captures per trap = 0.39, standard deviation = 0.63; 67% of traps had no captures over the time period sampled). Small mammal trapping was conducted once per month within ten days of the new moon totaling five times between late May and late August 2016 [21] . Sherman traps were baited with 1/8 cup of bird seed and filled with a small handful of polyester fluff for small mammal temperature Small mammal trapping was conducted once per month within ten days of the new moon totaling five times between late May and late August 2016 [21] . Sherman traps were baited with 1/8 cup of bird seed and filled with a small handful of polyester fluff for small mammal temperature regulation [7] .
Traps were set within two hours of sunset and checked within two hours of sunrise. Trapped animals were processed and then released. Small mammal recaptures within 2016 were determined based on ear-tag numbers and removed from the dataset. We used data from 2016 only given the limited lifespans of small mammals and the possibility of forest changes throughout the year [10, 32] .
Data Preparation
All LiDAR processing was conducted using R version 3.5.1 using packages lidR and raster [33] [34] [35] . The LiDAR data and DEM for each plot and subplot were clipped, and a normalized return point cloud (height as elevation above ground) was generated for each plot and subplot (10,000, 2500 m 2 respectively) [36] . Using the clipped point cloud, we created a canopy height model from first returns using nearest neighbor interpolation [37] . We calculated gridded metrics from the LiDAR point cloud with the objective of categorizing horizontal structure and vertical structure across different vegetation strata (Table 1) [5, 11] . To avoid spurious relationships, autocorrelation, and model overfitting, we used five variables that included a range of forest structure indices that may impact small mammal ecology: canopy height, percent cover above two meters ("cover"), proportion contribution of vegetation below five meters in height (approximating vegetation below the forest canopy, including trunks of trees and snags) ("understory contribution"), canopy complexity as measured by coefficient of variation of height of points above five meters ("canopy complexity"), and vertical complexity as measured by Shannon entropy ("structural diversity") (Table 1, Figure S1 ). Shannon diversity index for vertical complexity is the Shannon Weaver index for species diversity applied to quantify the diversity and evenness of a stand structure as calculated by Equation (1) [38] :
where H is the normalized Shannon diversity index for vertical complexity where p i is the proportion of points in the ith one-meter bin, and S is the number of bins equal to the total height in meters rounded up to the nearest integer. In this case, the index uses equal one meter height bins in the vertical distribution of LiDAR points to quantify structural diversity and evenness of the point cloud in each one meter cell [33] . The term "understory" used in this study is significantly different than the technical term of "understory", and no inference should be expanded to the formal "forest understory". Given incomplete knowledge about how vertical structure influences habitat for small mammals in northern Wisconsin, we used LiDAR-derived metrics that best encompassed different vegetation structure attributes without using correlated or redundant variables. These metrics were based on similar research on LiDAR related to animal habitat, expert knowledge of the ecosystem, and previous studies on LiDAR descriptors of forest structure [5, 6, 10, 11, 39, 40] . We created gridded metrics at the 1 m scale, then averaged all cells for each raster of plot and subplot. Site was included as a categorical predictor to account for geographic location and management style differences between sites.
For each plot and subplot, we summed small mammal species caught across all four months, removed re-captures, and then calculated small mammal richness and the effective Shannon species diversity index ("small mammal diversity"), which takes into account species richness while weighting species according to relative frequency in the population [41] [42] [43] . The Shannon diversity index for species diversity is calculated through Equation (1), where p i is the proportion of species made up of the ith species, and S is the total number of species in the community (richness). We exponentiated the raw small mammal Shannon diversity values with a base of e to convert them to their numerical equivalents to avoid problems that can arise from using raw indices [41, 43] .
Modeling
To test which LiDAR-derived variables best predicted small mammal diversity and richness, we developed linear regressions of LiDAR-derived predictor variables with small mammal diversity and richness as the dependent variables on both plot and subplot levels. A candidate model set was developed for both response variables (small mammal diversity and small mammal richness) with all first order combinations of LiDAR variables and site as predictors (Table 1) [44] . Additionally, we created null models for small mammal diversity and richness with NEON-provided national land cover database (NLCD) categorization as the predictor variable (Table S1 ) [30] . NEON NLCD categorization is based on Anderson's land use and land cover classification system updated by the Multi-Resolution Land Characteristics Consortium, which is then verified in the field by NEON technicians [30, 45, 46] . Non-categorical predictors were tested for correlation; no variables were correlated above 0.8 (Table S2 ). We used the R package glmulti to test all linear models in our cantidate model sets, then calculated log-likelihood and Akaike's Information Criteria adjusted for small sample size for each model (AICc) [44] . The top model selected by AICc was evaluated for goodness-of-fit using residual deviance, coefficient of determination (R 2 ), and root mean squared error (RMSE) from a six-fold cross validation [47] . Additionally, we normalized RMSE (RMSE divided by the range of observed values) in order to account for differences in variable scale. Because there were multiple models with similar AICc scores, (∆AICc < 5), we used multimodel inference to determine which predictors had the highest sum of AIC weights across all models tested (importance) and the directionality of predictors [48] . 
Results
A total of 14 different small mammal species were captured: Northern short-tailed shrew (Blarina brevicauda), flying squirrel (Glaucomys sp.), meadow vole (Microtus pennsylvanicus), southern red-backed vole (Myodes gapperi), woodland jumping mouse (Napaeozapus insignis), white-footed deermouse (Peromyscus leucopus), North American deermouse (Peromyscus maniculatus), arctic shrew (Sorex arcticus), cinereus shrew (Sorex cinereus), American pygmy shrew (Sorex hoyi), least chipmunk (Tamias minimus), Eastern chipmunk (Tamias striatus), red squirrel (Tamiasciurus hudsonicus), and meadow jumping mouse (Zapus hudsonius). Small mammal diversity varied drastically between plots but was similar between sites (ANOVA, p = 0.75, f = 0.29) (Tables S3 and S4, Figure 3) . At the plot level, maximum calculated small mammal diversity was 7.89, minimum calculated small mammal diversity was 1.79, and mean small mammal diversity was 5.06 (standard deviation = 1.83). Plot level maximum small mammal richness was 9, minimum small mammal richness was 2, and mean small mammal richness was 6.76 (standard deviation = 2.19). As small mammal diversity and richness were highly correlated (Pearson correlation = 0.92) and model selection results were broadly similar, we only used small mammal diversity as our response variable in the models we present. Information on models fitted for small mammal richness are presented in supplementary information (Tables S5 and S6 ). All LiDAR-derived metrics were similar between sites (Table S4 , MANOVA Wilks statistic = 0.48, F = 0.86, df = 10, p = 0.58) but were variable between plots (Tables 1, S3 (Tables 1, S3 ). Similarly, canopy complexity was also relatively high for all plots (mean = 0.89), as was structural diversity (mean = 0.84) ( Table 1, Figures 4, 5 ). Understory contribution on average was low (mean = 0.34), though it had a wide range (range = 0.05 -0.70) ( Tables 1, S3 ). Canopy height was also widely variable, ranging from an average plot canopy height of 4.81 m (UNDE 2) to 21.86 m (CNNF 12) ( Tables 1, S3 ).
The best model to predict small mammal diversity on the plot scale included structural diversity and cover (Table 2, Equation S1; residual deviance = 25.20, R 2 = 0.53, RMSE = 0.67, normalized RMSE = 0.108). The best model to predict small mammal diversity on a subplot scale included structural diversity, cover, canopy complexity, and site ( Table 3, Equation S2 ; residual deviance = 89.20, R 2 = 0.43, RMSE = 0.51, normalized RMSE = 0.089). Though small mammal diversity did not significantly differ between sites, site was included in the best model for small mammal diversity at a subplot scale (Table 4, Figure 3 ). Top models were significantly better performing than our null model using only NLCD (Plot-level AICc = 73.34, ΔAICc = 7.08, residual deviance = 38.20, R 2 = 0.29, subplot-level AICc = 250.66, ΔAICc = 23.36, residual deviance = 139.89, R 2 = 0.11).
There was a high degree of uncertainty in model selection, since on both plot-level and subplot level scales there were at least five models within four AICc of the top model. Model averaging revealed that structural diversity was the most important predictor on plot and subplot scales (Table 4, Figure 5 ). Structural diversity had a positive relationship with small mammal diversity on both scales, while canopy height and cover had negative relationships with small mammal diversity (Table 4, Figure 5 ). All LiDAR-derived metrics were similar between sites (Table S4 , MANOVA Wilks statistic = 0.48, F = 0.86, df = 10, p = 0.58) but were variable between plots (Table 1 and Table S3 , Figures 4 and 5 ). Average cover above two meters was high (0.87), and even the most open plot had relatively high cover (TREE 27, 0.62) ( Table 1 and Table S3 ). Similarly, canopy complexity was also relatively high for all plots (mean = 0.89), as was structural diversity (mean = 0.84) ( Table 1, Figures 4 and 5 ). Understory contribution on average was low (mean = 0.34), though it had a wide range (range = 0.05-0.70) ( Table 1 and Table S3 ). Canopy height was also widely variable, ranging from an average plot canopy height of 4.81 m (UNDE 2) to 21.86 m (CNNF 12) ( Table 1 and Table S3 ).
The best model to predict small mammal diversity on the plot scale included structural diversity and cover (Table 2, Equation S1; residual deviance = 25.20, R 2 = 0.53, RMSE = 0.67, normalized RMSE = 0.108). The best model to predict small mammal diversity on a subplot scale included structural diversity, cover, canopy complexity, and site ( Table 3, Equation S2 ; residual deviance = 89.20, R 2 = 0.43, RMSE = 0.51, normalized RMSE = 0.089). Though small mammal diversity did not significantly differ between sites, site was included in the best model for small mammal diversity at a subplot scale (Table 4, Figure 3 ). Top models were significantly better performing than our null model using only NLCD (Plot-level AICc = 73.34, ∆AICc = 7.08, residual deviance = 38.20, R 2 = 0.29, subplot-level AICc = 250.66, ∆AICc = 23.36, residual deviance = 139.89, R 2 = 0.11).
There was a high degree of uncertainty in model selection, since on both plot-level and subplot level scales there were at least five models within four AICc of the top model. Model averaging revealed that structural diversity was the most important predictor on plot and subplot scales (Table 4, Figure 5 ). Structural diversity had a positive relationship with small mammal diversity on both scales, while canopy height and cover had negative relationships with small mammal diversity (Table 4, Figure 5 ). 
Discussion
We found that small mammal diversity was associated with LiDAR-derived structural vegetation metrics. Our results show that LiDAR-derived variables predict the relationship between forest structure and small mammal diversity similarly to the way forest structure variables derived from field-based measurements relate to small mammal diversity [8, 49] . Our best models using LiDAR variables to predict small mammal diversity fit well, indicating that LiDAR variables were able to predict variation in small mammal diversity. This is consistent with prior research that has shown that LiDAR can predict 3D-dependent animal species diversity [5, [49] [50] [51] . In addition, it is consistent with the few studies that have demonstrated the ability of LiDAR variables to predict single-species habitat suitability, and abundance for small mammals [11, 13, 52] . On both scales analyzed, structural diversity and canopy cover were the best predictors of small mammal diversity, while site was important on only a subplot scale. Below, we discuss our results in detail in the context of different spatial scales of habitat characterization, along with the potential limitations of LiDAR for monitoring small mammal diversity.
Structural diversity was positively related to small mammal diversity at both plot and subplot scales. This finding agrees with the habitat heterogeneity hypothesis, which predicts that increased structural complexity can provide more niches and increase species diversity and richness. This hypothesis has been established across a broad range of taxa, including small mammals [1, 2] . Our results agree with previous studies where field measurements have shown forest structural diversity to be positively correlated with small mammal species diversity [2, 8] . Spatial heterogeneity in forest canopies leads to increased diversity of small mammals due to increased diversity of vegetation that contributes to biocomplexity and niche diversification [10, 53, 54] . However, some of this diversity is driven by variation in tree-dependent small mammals such as squirrels and chipmunks, while diversity of ground-dwelling small mammals is less impacted by vertical heterogeneity [10, 53] .
Small mammal diversity decreased with increasing canopy cover. Several studies have shown that forest-floor small mammal diversity increases with forest thinning, and forest management has been shown to impact small mammal diversity [53, 55, 56] . Higher small mammal diversity in plots and subplots of lower average cover may be due to canopy gaps potentially created through selective logging [11, 53] . Even if site management does not generate gaps, natural gaps in the forest likely 
Small mammal diversity decreased with increasing canopy cover. Several studies have shown that forest-floor small mammal diversity increases with forest thinning, and forest management has been shown to impact small mammal diversity [53, 55, 56] . Higher small mammal diversity in plots and subplots of lower average cover may be due to canopy gaps potentially created through selective logging [11, 53] . Even if site management does not generate gaps, natural gaps in the forest likely contribute to structural habitat heterogeneity. Gaps promote growth of understory vegetation, which provides food and shelter for small mammal species [11, 57] . Future analysis should include gap quantification using LiDAR to test whether number and size of gaps are significant predictors for small mammal diversity.
At the subplot scale, site as a proxy for management style was an important predictor of small mammal diversity. Thus, current site management may influence small mammal diversity, but the effect was possibly not evident at a plot scale due to small sample size. Spatial heterogeneity caused by forest management is known to positively impact small mammal diversity [32, 53] . One of the managed sites (CNNF) had the highest small mammal diversity, which is consistent with prior research. However, the site with the second highest small mammal diversity had minimal management (UNDE), while the site with the lowest small mammal diversity was also a managed forest (TREE). Due to the nature of forest management at TREE, because it is an experimental forest, there is likely a great deal of variation in stand age and management strategies. As UNDE was selectively logged until 1970, some or all of the plots that were sampled at UNDE may continue to have characteristics of managed forests. Lack of field data and detailed information on management activities at sites preclude any further quantification of management derived modification of forest structure and its possible effects on small mammal diversity.
The lack of selection of understory contribution as a significant variable may reflect the limitations of airborne LiDAR. In areas with high leaf area index, LiDAR with relatively low point density may not adequately penetrate the canopy, leading to poor quantification and characterization of understory structure [27, 39] . LiDAR sensors with higher point densities better penetrate the canopy, which could improve characterization of lower vegetation strata [39] . Terrestrial LiDAR could also be used for improved data on understory, but like field data, terrestrial LiDAR has limitations with respect to cost and incomplete spatial coverage at a larger scale [58] .
An additional caveat when considering understory contribution is that it was calculated as proportion returns below five meters. Though creating a height threshold to characterize the forest layers below the canopy is a commonly used technique in LiDAR analysis of forest structure [39, 57] , it can be problematic because the height threshold may be considered arbitrary. Snags, stumps, and tree trunks are also not separated from low vegetation or shrubs in this method [59, 60] . Though we used a height threshold determined through review of previous research, knowledge of the ecosystem, and our canopy height model, a more precise analysis would include a model to delineate subcanopy layers and woody basal area using LiDAR from areas of known vegetation structure [57, 60, 61 ]. This approach is not possible with our data, given that no vegetation structure data is collected on NEON small mammal plots, but future research should better incorporate understory mapping, especially when examining trends of animals that live on the forest floor.
Although model-averaging revealed that the variances for some selected variables overlapped zero, there was concurrence between the variables selected in the top model and the variables with the highest importance factors. This leads us to conclude that the top variables are important in predicting small mammal diversity, however the directionality is less certain, and there may be variables that we did not include in our analysis that account for more variation.
Little is known about the specific impact of forest structure on small mammal diversity and less still on how LiDAR measurements of forest structure relate to the life history requirements of multiples species of small mammals [12, 62] . Thus, we analyzed the ability of few specific variables that encompass a wide range of forest structural attributes to predict small mammal diversity. The lack of specific knowledge on the relationship between vertical structure and small mammal habitat requirements may cause a disconnect between the variables we have identified as potentially being important for small mammal habitat and what small mammal species actually require in their habitat, which may alter the perceived relationship between small mammal diversity and forest structure [63] .
LiDAR variables also suffer from autocorrelation, given that all variables are calculated from the same base dataset. Though we ensured our variables were correlated less than 0.8, correlation of variables may have skewed our results. Additionally, this study was conducted with a relatively small sample size, which may lead to model overfitting. Another consideration is that small mammal populations often vary immensely year to year due to fluctuating availability of food sources [56] . Replicating this study over a larger sample size for a longer time period would provide greater confidence in our results. A key limitation of this study was that it was only conducted in hardwood forest, and it is unclear how this study would transfer to high canopy cover forests such as boreal forests, temperate forests, or temperate rainforests.
Conclusions
This study demonstrates that LiDAR has the potential to be used to predict small mammal diversity. This is the first study to our knowledge that relates LiDAR to terrestrial mammal diversity. The best models relating LiDAR predictors with small mammal diversity fit the data well on both a plot and subplot scale (Residual Deviance = 25.20, R 2 = 0.53, RMSE = 0.67, Normalized RMSE = 0.108 and Residual Deviance = 89.20, R 2 = 0.43, RMSE = 0.51, Normalized RMSE = 0.089, respectively). Though there was a small degree in variation in AICc scores between the top five models in both analyses, multi-model inference revealed that structural diversity was a clear predictor on both scales (Table 4 ). Structural diversity had a positive relationship with small mammal diversity on both a plot and subplot scale (model averaged plot parameter estimate = 0.53, variance = 0.32; subplot parameter estimate = 0.57, variance = 0.119). However, given the lack of change in AICc between top models, it is likely that most or all of the predictors were relevant in determining small mammal diversity.
The ability of LiDAR to predict not only diversity of 3D-dependent species but also grounddwelling species is a novel finding and could lead the way for an of use of LiDAR for wildlife management. Additionally, if an accurate model based on LiDAR variables can be created for small mammal diversity in various habitats, then LiDAR can have enormous predictive power for small mammal communities and their management. Future research should use LiDAR sensors with higher penetration or ground-truthed models to increase accuracy in understory as well as examine the predictive ability of LiDAR on small mammal diversity over longer time scales and in varied systems. Given that small mammals are crucial components of ecosystems at multiple trophic levels [14, 15, 17] , LiDAR generated variables may have a significant predictive ability for those aspects of ecosystem health.
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